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Abstract
Aim: Species’ distributions and abundances are primarily determined by the suitability of environmental conditions, including climate and interactions with sympatric
species, but also increasingly by human activities. Modelling tools can help in assess-
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ing the extinction risk of affected species. By combining species distribution modelling of abiotic and biotic niches with population size modelling, we estimated the
abundance of 19 lemur taxa in three regions, especially focusing on 10 species that
are considered Endangered or Critically Endangered.
Location: Madagascar.
Taxa: Lemurs (Primates) and angiosperm trees.
Methods: We used climate data, field samples, and published occurrence data on
trees to construct species distribution models (SDM) for lemur food tree species.
We then inferred the SDMs for lemurs based on the probability of occurrence of
their food trees as well as climate. Finally, we used tree SDMs, topography, distance
to the forest edge, and field estimates of lemur population density to predict lemur
abundance in general linear models.
Results: The SDMs of lemur food trees were stronger predictors of the occurrence
of lemurs than climate. The predicted probability of presence of food trees, slope,
elevation, and distance from the forest edge were significant correlates of lemur
density. We found that sixteen species had minimum estimated abundances greater
than 10,000 individuals over >1,000km2. Three lemur species are especially

wileyonlinelibrary.com/journal/jbi
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threatened, with less than 2,500 individuals predicted for Cheirogaleus sibreei, and
heavy hunting pressure for the relatively small populations of Indri indri and Hapalemur occidentalis.
Main conclusions: Biotic interactors were important variables in SDMs for lemurs,
allowing refined estimates of ranges and abundances. This paper provides an analytical workflow that can be applied to other taxonomic groups to substantiate estimates of species’ vulnerability to extinction.
KEYWORDS

biotic interactions, conservation,

DISTANCE,

habitat surrogates, IUCN red list, MAXENT, population

density, primates

1 | INTRODUCTION

abundance (Boulangeat et al., 2012; van der Putten, Macel, & Visser,
2010). One reason ENMs based on climate may fail to predict local

Mass global wildlife declines are one characteristic of the Anthro-

abundance is that the models do not include dispersal limitation nor

pocene, the current time period which is defined by intense human

biotic interactions occurring at fine scales (Boulangeat et al., 2012).

activity, ecosystem transformation, and the transference and forced

For example, while the climate in an area may be suitable for a plant

migration of species around the globe (Dirzo et al., 2014). Species

species, the plant's distribution may be limited by the distribution of

worldwide are threatened with extinction due to human activities,

its pollinator (Moeller, 2004). The opposite can also occur; butterfly

especially landscape alteration (Alroy, 2017; Barlow et al., 2016;

ENMs performed better when both host plant distributions and cli-

Gray et al., 2016), hunting (Benítez‐López et al., 2017; Ripple et al.,

mate were used as predictors of butterfly presence compared to

2016), and climate change (González‐Orozco et al., 2016; Pecl et al.,

models including climate alone (Araújo & Luoto, 2007). Further, but-

2017). Predicting how species abundances are distributed across the

terfly species richness was better predicted by plant diversity than

landscape is fundamental to understanding how species respond to

by climate alone at low altitudes (Pellissier et al., 2012). These exam-

anthropogenic disturbance and projecting how they may change in

ples illustrate the predictive power of biotic interactions. It has only

the future.

recently become possible to analytically model multiple species’ dis-

Ecological niche modelling (ENM) is a technique for estimating

tributions jointly (Ovaskainen et al., 2017; Pollock et al., 2014).

the potential geographic range of species (Peterson et al., 2011).

Recent advances illustrate the effectiveness of modelling the distri-

ENMs predict species’ ranges based on the relationship between

bution of an herbivorous species based on its plant hosts (see, e.g.

known geographic occurrences of species and environmental vari-

Araújo et al., 2014; Schweiger, Settele, Kudrna, Klotz, & Kühn, 2008;

ables, most commonly climate and geology. Climate is hypothesized

Schweiger et al., 2012).

to be more important in determining species distributions at broad

Species distribution models (SDMs) reflect the occupied distribu-

spatial scales than biotic interactions (Pearson & Dawson, 2003;

tional area of the focal species, and explicitly reflect the geographic

Wisz et al., 2013). Biotic interactions such as predator/prey relation-

space within which a species can actually occur; i.e. accounting for

ships, plant/pollinator interactions, competition among sympatric spe-

dispersal barriers as well as environmental suitability (Peterson &

cies, and parasitism are instead hypothesized to operate at local

Soberón, 2012). SDMs generally result in a map of predicted species

scales. Data on abiotic variables such as climate and geology are also

occurrence, either a polygon representing minimum area of occu-

more readily available from open‐source databases than data on bio-

pancy (AOO) or extent, or a continuous layer that is variably inter-

tic interactors such as mutualists or prey (Anderson, 2017; Araújo,

preted as the predicted probability that the species is present

Marcondes‐Machado, & Costa, 2014; Boulangeat, Gravel, & Thuiller,

(Peterson et al., 2011). Over a 1,000 studies have modelled the

2012; Wisz et al., 2013). However, in contrast to the assumption

probability of species presence (Merow, Smith, & Silander, 2013); far

that biotic interactors are not important for species ranges at broad

fewer have modelled the abundance of a species across its range

scales, studies in which biotic interactors were included in ENMs

(but see Mannocci, Roberts, Miller, & Halpin, 2017; Martínez‐Gutiér-

find improved model performance compared to models with climate

rez, Martínez‐Meyer, Palomares, & Fernández, 2017; Oppel et al.,

alone (Araújo et al., 2014; Heikkinen, Luoto, Virkkala, Pearson, &

2012; Renwick et al., 2012; Van Der Wal, Shoo, Johnson, & Wil-

Körber, 2007). Given these results, there has been a recent surge to

liams, 2009). The predicted probability of presence from an SDM

investigate the effects of both abiotic and biotic interactors on spe-

based on climate was used to predict abundance of jaguars (Tôrres

cies range limits.

et al., 2012). Further, the abundance of peccaries was significantly

Climate is often a general surrogate for more proximal factors,

inversely correlated with the distance from the ecological niche

and ENMs based on climate alone are frequently not correlated with

“center” based on SDMs and environmental data (Martínez‐Gutiérrez
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et al., 2017). The relationship between the probability of presence

species distribution) would have stronger effects than abiotic pre-

and abundance can be nonlinear, though, as in a study of plants,

dictors on both species ranges and abundances. Our results empha-

supporting dispersal limitation and biotic interactions as more impor-

size the importance of biotic interactors in predicting SDMs and

tant in predicting abundance than climate alone (Boulangeat et al.,

abundance.

2012). Abundance is a fundamental aspect of species’ population
ecology, with important implications for understanding habitat suitability and theories of ecological range limits (Sagarin, Gaines, & Gay-

2 | MATERIALS AND METHODS

lord, 2006). Reliable abundance data are also important as one factor
used to assess species extinction threat and IUCN categorization

The analytical workflow of this study consisted of: (a) inferring SDMs

(IUCN Standards and Petitions Subcommittee, 2017). SDMs can criti-

of lemur food trees based on climate; (b) using the SDMs of trees

cally support such assessments; combined with data on the abun-

(i.e. the derived maps of projected climatic suitability for the lemur

dance of interacting species, SDMs provide one approach to

food tree species), and climate, as predictors of lemur SDMs; (c)

estimate the population size of species across their whole geo-

modelling the effects of tree SDMs, topography, and human distur-

graphic ranges.

bance on local lemur population density; and (d) predicting the abun-

Primates are a diverse group of mammals that make for an
excellent case study of modelling biotic interactions because of

dance of lemurs throughout their geographic range based on the
model of lemur density (Figure 1).

their important links with sympatric taxa and their roles in ecosystem functioning, such as seed dispersal (Gómez & Verdú, 2012;
Trolliet et al., 2016). Primates are also threatened with extinction;

2.1 | Lemur surveys

60% of species are considered threatened due to human activities

All field data collection protocols were approved by the Institutional

such as land conversion for agriculture, mining, and urbanization,

Animal Care and Use Committee at the authors’ universities, and

as well as hunting, pet trade, and climate change (Estrada et al.,

research was conducted under permits from the Ministry of the

2017). Among primates, the endemic lemurs of Madagascar are

Environment, national park staff, and Wildlife Conservation Society.

especially vulnerable, with up to 94% threatened with extinction

Data from three field surveys and one published study are used

(Schwitzer et al., 2014). Though almost all species are broadly her-

here. Three biogeographic regions were included: the southeast and

bivorous, many species are specialized in the plants upon which

northeast, separated by multiple river barriers, especially the Man-

they feed (Dew & Wright, 1998; Hemingway, 1996; Martinez &

goro, as well as the southwest separated by the Anosy mountain

Razafindratsima, 2014; Razafindratsima & Martinez, 2012; Wright

chain (Pastorini, Thalmann, & Martin, 2003). The first field survey

et al., 2011). Not all lemur species are equally capable of dispers-

was conducted in southeast Madagascar, at Ranomafana National

ing seeds beyond their parent trees’ seed shadow (e.g. Razafind-

Park (Ranomafana) and the adjoining corridor forest to the north.

ratsima, Jones, & Dunham, 2014), and each lemur species feeds

Surveys were conducted between 2011 and 2014 by JPH, TL, and

on multiple tree species. Therefore, the most important link is

field assistants (described in detail in Herrera, 2016). At Ranoma-

likely between lemurs depending on the food trees and not vice

fana, 31 transects (1–3 km long) were distributed among five sites

versa, meeting the “relaxed” definition of unlinked, or scenopoetic,

that varied in elevation and human disturbance. Lemurs in the

interactions (sensu Anderson, 2017). The available habitat for

southeast region included in this study were Avahi peyrierasi, Cheir-

lemurs has been dramatically reduced within historical times. Over

ogaleus crossleyi, Cheirogaleus sibreei, Eulemur rubriventer, Eulemur

50% of rainforests, 42% of dry forests, and 28% of spiny forests

rufifrons, Hapalemur griseus, Lepilemur betsileo, Lepilemur microdon,

were felled between the years 1950 and 2000 (Harper, Steininger,

Microcebus rufus, Propithecus edwardsi, and Varecia variegata edito-

Tucker, Juhn, & Hawkins, 2007), while deforestation within

rum. The second field study was conducted in the Makira Natural

national parks ranged from 4% to 30% between 2000 and 2014

Park (Makira) between 2012 and 2014 by CDG, JPH, PA, BJRR,

(Herrera, 2017). Clearing land for farming and pasture are the dom-

ERR, JLRR, and field assistants. At Makira, 20 transects, each 1 km

inant threats to most lemurs across the island (Schwitzer et al.,

long, were distributed among 11 sites. The lemurs in this northeast

2014), and hunting for bushmeat, as well as extraction for the pet

region included in the study were Avahi laniger, C. crossleyi, Eulemur

trade, are locally important drivers of lemur declines (Borgerson,

albifrons, Hapalemur occidentalis, Indri indri, Microcebus macarthuri,

2015; Borgerson, McKean, Sutherland, & Godfrey, 2016; Golden,

Microcebus mittermeieri, and V. variegata subcincta. The third field

2009; LaFleur, Clarke, Reuter, & Schaeffer, 2016). The threats to

survey was conducted in the Masoala National Park (Masoala), also

lemurs make it imperative to understand their distributions and

in the northeast region, between 2011 and 2012, 2015, and 2016

abundances for future conservation efforts.

by CB and field assistants. At Masoala, 47 transects (1–50 km long)

In this paper, we estimated the total population sizes of 19

were distributed among 17 sites. The lemurs included in the

lemur species, 10 of which are Critically Endangered (Schwitzer et

Masoala surveys were E. albifrons, H. occidentalis, and Varecia rubra.

al., 2014). We used SDMs of lemur food trees and abiotic variables

These field surveys used the line‐transect method of distance sam-

as predictors of the range and abundance of lemur species (Fig-

pling (Buckland, Plumptre, Thomas, & Rexstad, 2010). Details on

ure 1). We tested the hypothesis that biotic variables (i.e. food tree

the

2011–2014

Ranomafana

study

are

published

elsewhere
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F I G U R E 1 Schematic of the workflow for this study. In the first step, the species distribution models (SDM) of trees upon which lemurs
feed were inferred based on occurrence records and climate. In the second step, the tree SDMs (probability of climatic suitability for a given
tree species) were then used, in addition to climate, to model the distribution of lemur species. Third, the abundance of lemurs was modelled
for the whole study area using the observed local densities of species and the tree SDMs, elevation, slope, and distance to the forest edge.
Fourth, the predicted density maps were then masked based on external information about the suitability of the habitat, including omitting
nonforest and areas outside the IUCN species range [Colour figure can be viewed at wileyonlinelibrary.com]

(Herrera, 2016) and the methods were the same as those used in

geographic coordinates of lemur sightings were used for SDMs as

Makira and Masoala. Details on survey efforts per transect are

described below.

given in Supporting Information Table S1.
To estimate the detection probability and area of surveys from
the perpendicular sighting distance data, we used the program

2.2 | Plant surveys

DIS-

(Thomas et al., 2010). To estimate the detection probability

Plants were sampled in the field at Ranomafana only. Data on plants

and width of the survey area, we compared the fit of the follow-

for other regions came from published occurrence records (see

ing functions to the perpendicular distance data: uniform, half‐nor-

below). During the 2011–2014 survey at Ranomafana, plants on the

mal, and hazard‐rate, each with cosine and simple polynomial

transects were sampled by JPH, TL, and local field assistants using

terms. The best function was selected using the minimum Akaike

the point‐centre‐quadrat method (Balko & Underwood, 2005).

information criterion corrected for small samples (AICc). Model

Briefly, at 100‐m intervals along transects, a sampling point was

adequacy was assessed using quantile‐quantile plots and good-

taken (615 points total) and divided into four quadrats. In each quad-

TANCE

ness‐of‐fit tests as implemented in

DISTANCE.

To ensure a good fit

rat the tree closest to the point was chosen to sample. We chose

of the data to the function, if goodness‐of‐fit tests suggested the

trees in four size classes: <5 cm diameter at breast height (DBH), 5–

data significantly departed from the function, we re‐analysed the

10 cm, 10.1–25 cm, 25.1 cm+ (16 trees total). The trees were identi-

data truncating the extreme values (usually truncated at 25–40 m),

fied by Malagasy botany technicians trained by the Centre ValBio

since those extreme values can lead to significant deviations from

research station, the Missouri Botanical Gardens (MBG), and inde-

the model. The models used, detection probabilities, and related

pendent researchers working in the area (e.g. Turk, 1995). The genus

data are given in Supporting Information Table S2. The mean

was recorded, as well as species where possible, and local Malagasy

observed adult group size was used to estimate individual density

names were recorded and verified using keys established by the

from cluster density. We estimated a global detection probability

MBG. Trees were measured for DBH using a DBH tape, and tree

and mean cluster sizes from all the data together, and estimated

height, crown height, and crown diameter, estimated by eye. Further

encounter rates and densities stratified by transect to obtain the

details can be found in Herrera (2016). The level of sampling for

densities per transect. We used the mean density estimates for

trees on transects may under represent rare species but we opted to

each species in the prediction of abundance, described below. The

take multiple samples along the length of the transects rather than

2550
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fewer plots that would have had more intensive sampling but neces-

purposefully maintained at high numbers (e.g. Anja Special Reserve).

sarily fewer samples total. The transects traversed multiple habitat

We did not include the occurrence records from the recent rebuttal

types which allowed us to better quantify overall richness than if we

paper (Murphy, Ferguson, & Gardner, 2017) because most of those

had taken fewer plots. Further, the 10 km filtering distance used for

records were based on unpublished reports and personal observa-

occurrence points, described below, results in excluding spatially

tions for which the methodology was not clear. Further, most of

clustered occurrences, so having multiple records from fewer plots

those points fell within the range of the points already used from

would have been “lost” information.

other sources, and would have been spatially redundant, given the
spatial thinning used, described below.

2.3 | Occurrence records from other sources

The tree genera were selected based on identification as food
trees in the literature, as well as their dominance in some habitats.

In addition to the data collected in the field, we collated published

Data on trees were pooled at the genus level, largely because that is

occurrence records. For lemurs, we used the data published by

the level of resolution for lemur feeding behaviour data (e.g. Wright

Brown and Yoder (2015), and for lemurs and plants, we used verifi-

et al., 2011) as well as for tree taxonomy and occurrence data. This

able records from the Global Biodiversity Informatics Facility (GBIF)

may reduce the resolution and power of our analyses if lemurs spe-

database (www.gbif.org) and the REBIOMA database (http://data.reb

cialize on eating only a single species from the genus, but this is unli-

ioma.net/). We queried the GBIF database using the ‘dismo’ package

kely to be the case based on available evidence (Wright et al., 2011).

(Hijmans, Phillips, Leathwick, & Elith, 2015) in the R statistical envi-

At Ranomafana, these trees included: Canarium, Chrysophyllum, Cryp-

ronment (R Core Team, 2014). For all occurrence records, data were

tocarya, Dalbergia, Harungana, Uapaca, Polyscias, and Weinmannia

omitted if they did not have complete geographic coordinates and if

(Faulkner & Lehman, 2006; Ganzhorn, 1988; Ganzhorn, Abraham, &

the coordinates were duplicated. Only records within the region of

Razanahoera‐Rakotomalala,

interest were considered for each subset of the data. These regions

Wright et al., 2011). At Makira and Masoala, these trees included:

are well defined by mountain and river barriers to dispersal (Pastorini

Calophyllum, Garcinia, and Ficus (Martinez & Razafindratsima, 2014;

et al., 2003). For the southeast, extent was limited to S19.0–21.0 lat-

Razafindratsima & Martinez, 2012). In the south for L. catta, trees

itude and E46.0–48.0 longitude; for the northeast, extent was

included: Tamarindus, Maeurus, and Enterospermum (Sauther, 1998;

S17.0–11.0, E48.5–50.5; for southwest, extent was S20.0–25.0,

Sauther & Cuozzo, 2009). We also sought data on bamboo genera

1985;

Razafindratsima

et al.,

2014;

E46.0–50.5. A subset of lemur occurrence records from line‐transect

to model the distribution of bamboo lemurs (genus Hapalemur), but

surveys in the Ranomafana region between 2003 and 2005 collected

there were too few occurrence records to create SDMs.

by PCW, SJ were also included, focusing on those that were not
spatially redundant with points from the 2011–2014 surveys. Note
that for the lemur genus Cheirogaleus in the southeast, all occurrence

2.4 | Environmental layers

records for the genus were pooled. Most records report Cheirogaleus

We used the 19 climate variables from WorldClim (Hijmans, Cameron,

major in this region, although it was recently shown that three differ-

Parra, Jones, & Jarvis, 2005) as environmental layers for SDMs of trees

ent species C. crossleyi, C. sibreei, and C. major occur in the region

and lemurs. The SDMs of trees were used as predictors of lemur

with uncertain range overlap (Groeneveld et al., 2010; Herrera, Ton-

SDMs and abundance. For creating SDMs, we opted not to use a priori

gasoa, & Wright, 2016). Similarly, all records of Microcebus in the

variable selection based on collinearity because little is known about

northeast were pooled because the taxonomy of this group in the

the climatic factors that limit tree and lemur distributions. Further, the

region was only recently revised to include M. mittermeieri and M.

modelling method used here (MAXENT) includes a weighting factor that

macarthuri with uncertain range limits (Louis et al., 2006; Mitter-

effectively removes variables with little predictive value by assigning a

meier et al., 2010; Radespiel et al., 2008). Finally, all records of

weight of zero to that variable and feature combination; this balances

Lepilemur from the southeast were pooled because the taxonomy of

the fit of the model and the model complexity similar to information

this genus was revised recently, and past records of this taxon were

theoretic approaches to model selection (Elith et al., 2011). Altitude,

most likely all recorded as L. microdon, though the range has been

from the WorldClim dataset, and slope derived from the altitude layer,

split and includes L. betsileo (Louis et al., 2006).

were included as predictors of lemur abundance, in addition to a layer

We included published studies on Lemur catta, which surveyed c.

of distance from the forest edge. To calculate the distance from the

40 sites between 2010 and 2015 and estimated the number of indi-

forest edge, we used the forest cover product of Hansen et al. (2013).

viduals at each site (Gould & Sauther, 2016; LaFleur et al., 2016).

We created a layer of 2014 forest cover by masking the percent forest

The authors used these data to estimate the observed population

cover layer with the 2014 forest loss layer using the mask function in

size and determined that c. 2,200 animals were observed in the wild

the ‘raster’ package (Hijmans, 2015) in R. We then converted the

(though there are likely to be more that were not observed in large

2014 percent forest cover layer to a binary forest layer based on pixel

forests). We apply our analytical framework to this dataset to esti-

values >75%. This 75% cut‐off was used as a compromise between

mate population size. We excluded points with density estimates

being overly conservative on the extent of forest cover (e.g. a 90%

greater than 100 ind/km2 because these most likely reflected large

threshold) and being too liberal (e.g. a 50% threshold) and corresponds

groups in small fragments that may use multiple fragments or are

well to the forest limits from our ground‐truthed surveys at

HERRERA
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Ranomafana and Makira. The binary forest layer was used to calculate

Selecting the best settings for the regularization multipliers and

a raster of distance from the edge, using the distance function in the

number of feature classes, which determine the model complexity,

‘raster’ package. The binary forest layer was also used to mask the

requires quantitative evaluation (Merow et al., 2013). The optimal

predicted abundance layer below. For L. catta, which is the only spe-

model parameters were tuned using the function ENMevaluate in the

cies in this dataset that occurs in naturally open, arid environments,

package ‘ENMeval’ (Muscarella et al., 2014) for R. Within ENMevalu-

the binary cut‐off was set to 5%, which approximately corresponds

ate, we jackknifed each species presence record and evaluated mod-

with the first quartile of percent forest cover for locations where

els with the following feature classes: linear, quadratic, and hinge,

recent surveys estimated densities.

and the following values of regularization multipliers: 0.75, 1, 1.25,
1.5. We did not consider other feature classes, such as product or

2.5 | Analyses
2.5.1 | Species distribution modelling

threshold features, to avoid overparameterizing or overfitting the
model. Product features result in additional parameters for every
combination of predictor variables, and the hinge is similar to the
threshold feature (Elith et al., 2011; Merow et al., 2013); thus, the

In the first phase, we created SDMs for lemur food trees using cli-

linear, quadratic, and hinge functions should be suitable response

mate layers as predictors. Next, we modelled the distribution of the

functions. The optimal model was chosen based on the lowest AICc

studied lemur species based on climate variables and the projected

score, and those feature classes and regularization multipliers that

probability of occurrence of their food trees (“tree SDMs”). We

were found in the best model were defined in the MAXENT function

maintain that these model outputs are SDMs, and not ENMs,

in the ‘dismo’ package (Hijmans et al., 2015) for R. Model perfor-

because we explicitly restricted the analyses to those areas within

mance was evaluated by withholding 20% of the data as “test” data.

which the focal species could actually occur. We also filtered the

We assessed the area under the operator curve (AUC) for the train-

model outputs to better approximate the actual distribution, rather

ing and test data, which varies from 0.0 (worse than random predic-

than the potential distribution based on climate suitability (Peterson

tion) to 1.0 (perfect prediction), with values near 0.5 no better than

& Soberón, 2012).

random prediction. Note that for several species this resulted in few

Species occurrence data tend to be spatially biased due to sam-

test points (1–5), resulting in poor performance with test data (Sup-

pling, with clustered occurrence records near roads and other points

porting Information Table S4). This is to be expected given the num-

of accessibility, which can adversely affect SDMs (Aiello‐Lammens,

ber of test points, making the AUC an unreliable estimate of model

Boria, Radosavljevic, Vilela, & Anderson, 2015; Radosavljevic &

performance for small samples (Raes & ter Steege, 2007). Therefore,

Anderson, 2014; Syfert, Smith, & Coomes, 2013). Therefore, we

for those species with poorly performing models based on AUC, we

reduced the spatial clumping of datasets by spatially thinning them

also implemented a null‐model test to compare the observed training

such that points were at least 10 km apart, using the ‘spThin’ pack-

AUC values to the AUCs from models based on randomly sampling

age (Aiello‐Lammens et al., 2015) in R. Ten kilometres was chosen as

occurrence records without replacement 1,000 times (Raes & ter

the thinning distance to minimize spatial autocorrelation in line with

Steege, 2007). These null models were created using the nullRandom

other studies, especially in Madagascar (Aiello‐Lammens et al., 2015;

function in the ‘dismo’ package and the results are summarized in

Brown & Yoder, 2015; Pearson, Raxworthy, Nakamura, & Townsend

Supporting Information Table S4.

Peterson, 2007; Radosavljevic & Anderson, 2014). Note, however,

For each predictor variable, the percent contribution to the

that for two lemur species (H. griseus and E. rubriventer), a 10 km

model gain by including the variable and the lambda weights were

thinning distance resulted in too few occurrence records (<20) and

reported as measures of variable importance. The percent contribu-

smaller thinning distances (c. 5 km) were used. This does not correct

tion indicates the amount of information gained by including the

for a lack of records where sampling effort was low, e.g. in remote

variable compared to excluding the variable. The lambda weights

areas, which remains a challenge in the SDM field.

indicate the weight given to the coefficient for that variable in the

To model species distributions, we used MAXENT, a machine‐

final model, indicating how strongly the variable contributes to the

learning algorithm that models the relationship between species

model. The logistic outputs of MAXENT tree SDMs were used as pre-

presence records and associated environmental data to predict the

dictors of both lemur SDMs and lemur abundance. The logistic out-

probability of species presence across the landscape (Phillips, Ander-

puts of lemur SDMs were converted to binary SDMs based on the

son, & Schapire, 2006). The model calibration region, or geographic

minimum training presence threshold, and these binary lemur SDMs

extent of the model, should reflect the geographic area within which

were used as a mask for the predicted abundance layer described

the focal species could actually be found; i.e. its movement is not

below.

restricted by some barrier to dispersal (Barve et al., 2011; Peterson
et al., 2011). We selected the model geographic extent as the minimum convex polygon that contains the extremes of the occurrence

2.5.2 | Population density modelling

points +0.5°, with 1,000 background points drawn from this extent,

We used general and generalized linear models (LMs and GLMs,

similar to Radosavljevic and Anderson (2014). We assume that this

respectively) to predict lemur density based on the following envi-

represents the extent within which lemurs are able to disperse.

ronmental independent variables: the logistic output for food trees
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from the MAXENT SDMs, distance to forest edge, elevation, and

settlements that are most likely not suitable for lemurs. Therefore, we

slope. Data on environmental variables were extracted from the

used three additional masks based on suggestions from experts on this

transect midpoints from raster layers using the extract function in

species (L. Gould, R. Lewis, pers. comm.). First, we used the sites at

‘raster’. For L. catta, which had more limited data, environmental

which Gould and Sauther (2016) suggest L. catta has been locally extir-

variables were extracted from a buffer with 5 km radius around each

pated to create a buffered zone (buffer radius = 0.25 units) which we

sampling point given by the original publications and the mean was

excluded from the abundance map. Second, we used a proxy for

taken. Five kilometres was chosen as the buffer radius because the

human impact, based on the NASA Human Influence Index (HII; San-

authors reported that they covered c. 5–10 km in their daily search

derson et al., 2002; Wildlife Conservation Society ‐ WCS, and Center

for lemurs.

for International Earth Science Information Network ‐ CIESIN ‐ Colum-

We used both LMs and GLMs with a Poisson distribution and a

bia University, 2005), which is a summary of several measures of

log link because the density data can be considered count data

human impact, such as human population density, road density, and

(rounded to the nearest integer value) and the data were positively

land use. We used a HII threshold of >15 as a threshold for nonhabitat

skewed (Guisan, Edwards, & Hastie, 2002). We chose which vari-

based on the maximum value of HII at sites where the species occurs.

ables to include in models based on initial visual inspection of scatter

Third, we used a rasterized map of rivers and lakes from DIVA‐GIS

plots to minimize collinearity and overfitting the models. For cases in

(http://www.diva-gis.org/gdata). The raster was converted, so that all

which the probability of presence for multiple tree species was cor-

pixels that are not rivers were changed to “NA”, and the distance func-

related, only one tree species was selected based on which was the

tion in the ‘raster’ package was used to calculate the distance of all

most important in that lemur's diet. Models with different variable

cells from the rivers. We used distance values greater than 2 km as a

combinations were compared based on their AIC values, pseudo‐R2,

mask because L. catta need water sources and do not typically dis-

their cross‐validated prediction accuracy (cv.glm function the ‘boot’

perse greater than 2 km (R. Lewis, pers. comm.; Sussman, 1992).

package, Canty & Ripley, 2012), and their ability to minimize the dif-

We converted the masked output raster to equal‐area UTM pro-

ference between observed and predicted data. To test for a differ-

jection (zone 38S) and multiplied the density estimate for each pixel

ence in observed and predicted density, we extracted the predicted

by the area of the pixel to calculate total abundance. Extent of

density at the points for which we had density data and compared

occurrence was calculated as the area within the range of the IUCN

the observed and predicted using a paired sample t test. The model

polygon or SDM, and AOO as the area with nonzero abundance

that maximized pseudo‐R2 while minimizing AIC and prediction error

estimates.

was selected for predicting abundance.

2.6 | Data availability statement
2.5.3 | Predicting landscape‐level abundance

The data, as well as additional results and model outputs are avail-

Given the best‐fitting model of environmental variables predicting

able as Supporting information with this publication, as well as

lemur density, we predicted lemur abundance to all raster pixels (pre-

deposited on FigShare (https://figshare.com/articles/supp_mat_file

dict function in ‘raster’). We then masked the output to exclude pixels

s_all_species_maps_7z/6445727).

outside of the binary SDM of the lemur species and the binary forest
map, thereby excluding areas outside the range of the species and outside of forested areas. The IUCN geographic range polygon was used

3 | RESULTS

to omit areas outside of these expert‐opinion‐based maps for comparison to the estimates based on SDM ranges. The IUCN ranges were

In total, we compiled 5,184 occurrence records, 3,152 of lemur food

often much smaller than the ranges predicted by the SDMs due to

trees, and 2,031 of lemurs (Supporting Information Table S3). After

external information on absences, likely related to other biotic interac-

spatial thinning, the number of training points for trees was 8–65,

tions and anthropogenic factors such as hunting (e.g. Lehman, Ratsim-

and for lemurs was 12–72 (Supporting Information Table S4). Model

bazafy, Rajaonson, & Day, 2006); thus, they serve as a more

performance was generally good, with AUC values of training data

conservative estimate of total population size than the estimates

between 0.728 and 0.986, though AUCs for test data were lower

based on SDMs. For C. sibreei, a species known to be a high elevation

for species with few test occurrence records (e.g. Tamarindus, A.

specialist, we masked the predicted output by removing areas below

peyrierasi and A. laniger, E. rufifrons, Supporting Information

1,100 m because that is the lowest elevation at which it was found in

Table S4). The results for the two Avahi species were better than a

this study. For V. rubra, the projected range and abundance of the spe-

null model of AUCs from SDMs based on randomized data, though,

cies included areas where intensive ground surveys had revealed the

and should be considered reliably better than random (Supporting

species was absent. We therefore removed those areas by masking

Information Table S4). Results for these species should be inter-

the abundance output by buffered points around these areas of local

preted with caution, however, until more data are available to vali-

absence. For L. catta, which was observed in forest fragments with

date

low percent canopy cover, we used a binary forest threshold of 5%.

environments that are characteristic of the occurrence data, how-

This masked output still retained areas that are agricultural land and

ever, and are at least reliable for delimiting suitable environmental

results.

The

models

for

these

species

do

represent
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TABLE 1

T A B L E 1 Results of species distribution modelling for lemurs.
Lemur SDMs were based on climate as well as the SDMs of lemur
food trees. Area under the operator curve (AUC) is a measure of
prediction accuracy. The most important predictor variables were
based on the percentage contribution to the overall model, and
lambda weights are the weights given to the coefficients for that
variable

Species

AUC
(test)

Most important
predictor
variables

Lambda
weight

22.1

−6.97a

Southwest lemur
Lemur catta

0.881

Precipitation of the
wettest month
Maeurua SDM

19.3

0.0

Precipitation of the
wettest quarter

18.6

0.0

Enterospermum
SDM

12.5

1.08

Southeast lemurs
Avahi
peyrierasi

Propithecus
edwardsi

0.449

0.751

Cryptocarya SDM

53.8

1.52

Chrysophyllum
SDM

21.2

6.01

Harungana SDM

10.1

0.0

Harungana SDM

80.7

5.71

Precipitation of
the wettest
month

11.6

4.75

Eulemur
rufifrons

0.603

Weinmannia SDM

75.1

3.02

Varecia
variegata

0.751

Chrysophyllum
SDM

35.8

2.35

Eulemur
rubriventer

Hapalemur
griseus

0.975

0.82

Harungana SDM

26.5

2.95

Cryptocarya SDM

21.5

0.0

Weinmannia SDM

50.3

2.89

Harungana SDM

29.5

2.16

Chrysophyllum
SDM

14.8

0.70

Chrysophyllum
SDM

50.6

3.19a

Cryptocarya
SDM
Lepilemur sp.
Southeast
range

0.928

Cheirogaleus
sp. Southeast
range

0.724

Microcebus
rufus

0.802

31.9

AUC
(test)

Most important
predictor
variables

%
contribution

Eulemur
albifrons

0.888

Garcinia SDM

74.4

5.53

Mean
temperature
of the driest
quarter

11.6

0.0

Hapalemur
occidentalis
Northeast
range

0.850

Garcinia SDM

53.9

4.60

Avahi laniger

0.561

Varecia
variegata
Northeast
range

0.834

Indri indri
Northeast
range

0.694

Microcebus
sp. Northeast
range

0.909

Varecia rubra

0.956

Lambda
weight

Isothermality

29

5.32

Temperature
seasonality

15.4

4.04

Garcinia SDM

55.7

7.42

Temperature
seasonality

34

10.80

Isothermality

10.3

3.32

Garcinia SDM

51.2

4.98

Temperature
seasonality

33.2

15.50

Garcinia SDM

57.1

5.42

Temperature
seasonality

20.4

7.50

Isothermality

15.9

4.62

Garcinia SDM

64

6.93

Isothermality

16.8

4.37

Temperature
seasonality

15.1

5.90

Ficus SDM

67.4

3.93

Garcinia SDM

24

7.63

Note. aThe lambda values correspond to the quadratic term.

space (Pearson et al., 2007). Further details on the results of individual species SDMs are presented in the Supporting Information

0.008

Table S4, Supplementary files: MAXENT outputs, SDMs).
Considering the variables selected by MAXENT for lemur SDMs,
a

the predicted probability of presence for lemur food trees contributed 10% or more to the gain in model fit with the addition of

Cryptocarya SDM

51.5

1.33

Chrysophyllum
SDM

25.4

2.96

Cryptocarya SDM

89.8

a

those variable (Table 1). Lemur food trees typically had nonzero
lambda weights, indicating their inclusion and influence in the final
model (Table 1). For lemurs in the northeast, the SDM of Garcinia

6.99

was selected as the predictor variable with the highest percent contribution to model performance. In the southeast, Chrysophyllum and
Cryptocarya were most frequently selected as predictors. For L. catta

Cryptocarya SDM

65.9

0.65a

in the southwest, Maeurua and Enterospermum were selected as the

Polyscias SDM

12.4

4.33

most important predictors.
In the models of population density, LMs had better prediction

Northeast lemurs
Cheirogaleus
crossleyi
Northeast
range

(Continued)

Species

%
contribution

2553

0.897

Garcinia SDM

56.5

4.14

accuracy than GLMs (Supporting Information Table S6). While the

Isothermality

32.5

5.59

predicted densities based on the LMs did not differ significantly
from the observed densities, for GLMs the predicted densities
were significantly underestimated compared to the observed densi-

(Continues)

ties (Supporting Information Table S6). Therefore, the results we
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T A B L E 2 Regression results predicting lemur abundance from environmental variables, including abiotic factors and tree species distribution
models
Species

Independent variables

Coefficient (SE)

p

Pseudo‐R2

Southwest lemur species
Lemur catta

Intercept

2.44 (0.16)

<0.001

Longitude

19.12 (7.32)

0.02

Intercept

−10.22 (16.78)

0.55

0.36

Southeast lemur species
Avahi peyrierasi

Elevation

−0.01 (0.003)

<0.001

−19.32 (15.81)

0.23

Distance to edge

−0.004 (0.002)

0.015

Cryptocarya SDM

−110.7 (73.3)

0.14

Chrysophyllum SDM
Eulemur rufifrons (south eastern range)

174.1 (99.31)

0.09

Intercept

−28.02 (34.69)

0.43

Elevation

−0.05 (0.02)

<0.001

2.06 (0.56)

0.001

145.34 (64.96)

0.03

8.15 (2.39)

0.002

Slope
Canarium SDM
Varecia variegata editorum (southern range)

Intercept
Distance to edge
Canarium SDM
Dalbergia SDM

Eulemur rubriventer (southern range)

0.006

0.002 (9.0e-4)

0.02

Intercept

Intercept

Cryptocarya SDM

Cheirogaleus sibreei (southern range)

0.62 (0.90)
5.0e-4 (4.0e-4)

0.49

0.27

−220.08 (79.52)

0.01

237.35 (66.26)

0.001

108.5 (11.24)

<0.001
<0.001

Distance to edge

−0.003 (0.001)

0.1

Intercept

−21.33 (4.53)

<0.001

Distance

−0.002 (4.33e‐4)

Intercept

0.25

0.07

0.42

0.74

0.57

<0.001

41.74 (7.48)

<0.001

202.66 (124.95)

0.12

−5.43 (2.15)

0.02

Canarium SDM

−408.44 (170.55)

0.02

Dalbergia SDM

274.45 (101.97)

Intercept

101.03 (46.94)

0.06

−0.01 (0.009)

0.36

Slope

0.45

0.14

−15.56 (13.80)

−161.6 (22.53)

Intercept

0.71

0.01

Dalbergia SDM

Cryptocarya SDM
Microcebus rufus

−38.59 (14.84)

0.2

0.04

Distance to edge

Chrysophyllum SDM

Cheirogaleus crossleyi (southern range)

0.001

21.95 (7.41)

Distance from edge
Lepilemur sp.

0.02

−15.52 (4.26)

Intercept

Dalbergia SDM
Hapalemur griseus (southern range)

−0.000343 (−3.4e-4)

5.36 (2.44)

0.39

0.008

Intercept

Distance to edge
Propithecus edwardsi

0.05 (0.02)

0.57

0.012

Northeast lemur species
Cheirogaleus crossleyi (northern range)

Distance to edge
Eulemur albifrons

Intercept
Harungana SDM

Hapalemur occidentalis (northern range)

Intercept
Harungana SDM

223.66 (37.41)

<0.001

−330.19 (64.39)

<0.001

59.08 (15.97)

<0.001

−90.06 (27.49)

0.002

0.09

0.29

0.14

(Continues)
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TABLE 2
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(Continued)

Species
Avahi laniger

Independent variables
Intercept
Slope

Varecia variegata subsincta (northern range)

70.96 (20.59)

0.003

4.40 (3.01)

0.16

Intercept

189.00 (116.7)

0.12

328.1 (190.5)

0.1

Garcinia SDM
Intercept
Distance to edge

Varecia rubra

Pseudo‐R2

−0.009 (0.003)

Harungana SDM

Microcebus sp. (northern range)

p

Distance to edge

Ficus SDM

Indri indri (northern range)

Coefficient (SE)

Intercept

0.01

−996.9 (377.5)

0.02

435.9 (203.8)

0.05

2.69 (7.95)

0.74

0.002 (0.002)

0.34

−114.96 (53.32)

0.07

Elevation

0.38 (0.09)

0.006

Intercept

−9.81 (2.03)

<0.001

0.90 (0.29)

0.005

Slope

0.42

0.47

0.05

0.75

0.3

present are based on the LMs. Tree species SDMs were fre-

Species interactions are hypothesized to play a minimal role in

quently significant predictors of lemur abundance, as well as dis-

broad‐scale patterns of species distributions (Pearson & Dawson,

tance to the forest edge, elevation, and slope (Table 2). For

2003). Counter to this hypothesis, we found that the probability of

example, for E. rufifrons 71% of the variation in density could be

lemur occurrences was strongly predicted by the probability of pres-

explained by elevation, slope, and the probability of presence of

ence for the trees upon which lemurs feed. For every lemur species,

Canarium. The statistical effects of elevation, slope, and Canarium

the SDMs of their food trees were important predictor variables for

SDM were comparable, illustrating the combined importance of

the lemurs’ SDM. The local density of 58% of the lemurs studied

abiotic and biotic factors in explaining lemur abundance (standard-

was significantly predicted by food tree SDMs. For three lemurs,

ized regression coefficients: −0.67, 0.54, and 0.389, respectively).

tree SDMs, topography, and anthropogenic proximity explained

Similarly, the model of V. variegata editorum abundance explained

>70% of the variance in their population densities. Though based on

45% of the variation in the data, and distance to the forest edge,

correlative models, these results illustrate the codistribution of

as well as Canarium and Dalbergia probability of presence, were

lemurs and their food trees and support the hypothesis that there

significant predictors of abundance. Despite the strong explanatory

were strong statistical effects of mutualistic interactors in shaping

power of the models for most species, three species had R2 val-

species’ ranges. These results advance and refine our understanding

ues less than 20%, and models should be interpreted with caution

of lemur geographic distributions, and build on ENM results based

until more data can be collected.

on the abiotic environment alone (Blair, Sterling, Dusch, Raxworthy,

Using the relationships between lemur species’ abundance and

& Pearson, 2013; Brown & Yoder, 2015; Kamilar, Blanco, & Mul-

environmental variables, we predicted the abundance of each species

doon, 2016), or the abiotic environment and anthropogenic factors

across the landscape (Figure 2, Supplementary files 1–39). Our esti-

(Johnson, Delmore, Brown, Wyman, & Louis, 2016; Kamilar & Tecot,

mates of total population size and AOO are given in Table 3. Overall,

2016). By incorporating biotic interactions, dispersal barriers, and

our models estimate that most species had population sizes >10,000

external information on extirpations into our models, we have

individuals and AOOs >100 km2.

refined the SDMs for 19 taxa. Combined with population density,
we were able to make updated estimates of population size.
The results of this study support a growing body of evidence

4 | DISCUSSION

that species interactions are important in modelling distributions. For
example, better geographic models were produced for the ranges of

We estimated the abundance and AOO of 19 lemur taxa in Mada-

Brazilian parrot species when they were based on the distribution of

gascar. We found that lemur distributions and abundances were

biotic interactors (food resources) than climate alone (Araújo et al.,

related to tree distributions. The strong statistical effects of tree dis-

2014). Model performance improved by including biotic interactors

tributions on lemur ranges and abundances reflect the importance of

compared to abiotic variables alone for diverse taxa, including but-

biotic interactions in understanding lemur macroecology. These

terflies and their plant hosts (Araújo & Luoto, 2007), owls and wood-

results have implications for the macroecology and conservation of

pecker facilitators (Heikkinen et al., 2007), and tree species that

species interactions more broadly. The methodological workflow pro-

compete with one another (Meier et al., 2010). Moving beyond sin-

vides a framework for examining other taxa to understand if these

gle‐species models, the community richness of woodpeckers globally

results are generalizable across groups.

was better predicted by tree cover than climate alone (Ilsøe, Kissling,
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Indri indri

Microcebus sp.

Cheirogaleus sibreei

Propithecus edwardsi

ET AL.

Hapalemur occidentalis

Varecia rubra

Lepilemur sp.

Varecia variegata editorum

Lemur catta

F I G U R E 2 Maps of the population density (individuals per km2) for nine species of lemurs described in the text (left to right, top to bottom:
from the northeast, Indri indri, Hapalemur occidentalis, Microcebus sp., Varecia rubra; from the southeast: Cheirogaleus sibreei, Lepilemur sp.,
Propithecus edwardsi, Varecia variegata editorum; from the southwest, Lemur catta). The x‐axis shows east longitude and the y‐axis shows south
latitude. The colour ramp indicates areas of low density in colder colours and high density in hotter colours. These maps are the predictions
based on the best general linear models and masking the output based on excluding unsuitable habitat. The IUCN range map is shown for most
species as the thin solid line. For Microcebus, the IUCN ranges for M. macarthurii are represented by the long‐dashed line and M. mittermeieri by
the short‐dashed line. For Lepilemur, L. microdon is represented by the short‐dashed line and L. betsileo by the long‐dashed line [Colour figure can
be viewed at wileyonlinelibrary.com]
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T A B L E 3 Estimated population sizes, area of occupancy (AOO), and extent of occurrence (EOO) for 19 lemur species and populations.
Estimates are given based on masking predicted output based on the IUCN expert‐opinion range maps and the binary species distribution
model (SDM) results
Species

Estimated abundance
IUCN range

Estimated abundance
SDM range

AOO IUCN (km2)

AOO SDM (km2)

EOO (km2)

Avahi peyrierasi

41,393

89,868

2,102

3,359

4,377

Avahi laniger

856,801

798,476

13,978

13,066

50,877

Cheirogaleus crossleyi (southern range)

11,942

32,679

456

1,765

1,311

Cheirogaleus sibreei (southern range)

N/A

1,752

N/A

898.67

N/A

Cheirogaleus spp. (northern range)

10,694

993,524

137

13,901

38,174

Eulemur albifrons

758,920

1,353,320

13,168

20,238

18,470

Eulemur rubriventer (southern range)

47,364

56,627

5,172

6,018

49,998

Eulemur rufifrons (eastern range)

14,734

21,527

1,394

1,998

32,602

Hapalemur griseus (south‐eastern range)

10,032

8,990

3,972

3,558

85,691

Hapalemur occidentalis (north‐eastern range)

302,888

262,285

18,727

15,678

39,955

Indri indri (northern range)

47,229

38,136

4,197

3,086

30,163

Lemur catta

173,450

528,857

6,716

13,354

100,018

Lepilemur spp. (southeastern range)

N/A

7,085

N/A

2,374

12,063

Lepilemur microdon

1,496

N/A

313

N/A

667

Lepilemur betsileo

2,315

N/A

1,167

N/A

2,189

Microcebus spp. (northern range)

N/A

2,328,771

N/A

N/A

13,917

Microcebus macarthuri

93,987

N/A

641

N/A

675

Microcebus mittermeieri

122,970

N/A

289

N/A

310

Microcebus rufus

221,837

424,854

1,912

4,702

2,609

Propithecus edwardsi

35,324

154,368

1,789

5,532

3,075

Varecia rubra

23,215

34,514

4,866

7,575

5,299

Varecia variegata editorum (southern range)

1,420

10,630

907

5,168

9,768

Varecia variegata subcincta (northern range)

105,116

309,053

2,844

6,426

9,768

Fjeldså, Sandel, & Svenning, 2017). The importance of modelling bio-

Further research in this area is necessary for both theoretical and

tic interactors has long been discussed and debated in the field of

applied biological questions.

species distribution modelling, but within the last decade, the push

Multiple types of species interactions occur simultaneously. We

to incorporate these interactions has revealed their importance even

have taken a straight‐forward approach to incorporate species inter-

at broad geographic scales.

actions: using the model of one type of interactor in addition to the

Incorporating biotic interactions in niche models will likely have

environment to model distribution and abundance of the other inter-

important impacts as researchers predict future ranges under climate

actor. New methods that model the distributions of multiple species

change. Suitable climates for the majority of lemur species are predicted

jointly and incorporate phylogenetic relatedness allow the potentially

to shift under climate change (Brown & Yoder, 2015), but whether and

negative or positive effects of species on each other to inform the

how lemur ranges will shift depends on the continuity of the habitat

model (Morales‐Castilla, Davies, Pearse, & Peres‐Neto, 2017). We

and how plant mutualists respond to climate change as well. Biotic

were interested in the one‐way effects of lemur food tree distribu-

interactions have changed quickly under contemporary climate change

tions on lemur abundance, however, and thus to explore these inter-

(Blois, Zarnetske, Fitzpatrick, & Finnegan, 2013) and are likely to drive

actions directly we investigated each lemur species separately. In the

range shifts under future scenarios. No single prediction can be made,

future, it will be important to model multiple lemur species together

however, because biotic interactions can have positive and negative

to incorporate among‐species interactions such as competition. Com-

effects for range shifts. Biotic interactions may facilitate range shifts

petition is difficult to prove using correlative models, but phyloge-

through natural enemy release and/or enhanced competitive abilities

netic patterns of species co‐occurrence can be indicative of

compared to species in the leading edge of range expansion (Svenning

competition as a driving process in community assembly (Cavender‐

et al., 2014). In contrast, interactions may limit the degree to which spe-

Bares, Ackerly, Baum, & Bazzaz, 2004; Ives & Helmus, 2011). Mul-

cies can track suitable habitat where novel competitors prevent disper-

tispecies models have revealed that environmental filtering and

sal (Alexander, Diez, & Levine, 2015) or where geographically restricted

competition can occur simultaneously. Closely related sunfish species

host plants limit the movement of herbivores (Schweiger et al., 2012).

co‐occurred in

environments

with similar

water

clarity,

but
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controlling for water clarity revealed that distant relatives were more
likely to co‐occur than close relatives (Helmus, Savage, Diebel,
Maxted, & Ives, 2007). To better understand the processes driving
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T A B L E 4 Comparisons of lemur abundance estimates from this
study to abundance estimates for the year 2000 based on a
published study (Irwin et al., 2005)

Species

Abundance
estimate
year 2000

Abundance
estimate
year 2014

Propithecus edwardsi

33,392–45,664

35,324–154,368

sidered in two of the IUCN's criteria for Red List status assessment,

Eulemur rufifrons

89,367–106,817

14,734–21,527

Criteria B and C. Following Criterion C, C. sibreei, L. microdon, L. bet-

Eulemur rubriventer

24,329–31,101

47,364–56,627

sileo would be considered Endangered (Criterion C2.a.ii, <2,500 indi-

Hapalemur griseus

14,802–22,942

8,990–10,032

species distributions and patterns of species co‐occurrence, incorporating multispecies phylogenetic information will be crucial.
The results of this study are important for the conservation of
endangered biodiversity. Current population size and AOO are con-

viduals and 95%–100% of mature individuals restricted to one
population). Varecia variegata editorum from the southeast region

area of remaining forest (Irwin, Johnson, & Wright, 2005). The popu-

should also be considered Endangered based on Criterion C and the

lation size estimates for two of the four species we report are sub-

current IUCN geographic range. When considering the uncertainty in

stantially smaller than found previously (E. rufifrons, H. griseus,

population size estimates, however, the upper bound for V. v. edito-

Table 4). The lower abundance estimates we present were due in

rum based on the SDM (c. 10,000) would support Vulnerable status.

part to the loss of habitat, our modelling technique which incorpo-

Based on Criterion C, H. griseus should be considered Vulnerable,

rated habitat heterogeneity, and potentially demographic declines.

with population size estimates <10,000 individuals and restricted

Of the two species that have maintained population sizes above

and/or fragmented AOO. Two species that warrant further investiga-

10,000 individuals, one P. edwardsi, is considered Endangered. These

tion are M. macarthuri and M. mittermeieri. These recently described

results show the value of long‐term monitoring of populations for

species have uncertain range limits, and may co‐occur in some areas

understanding conservation threats.

(Radespiel et al., 2008). Based on the SDM of all Microcebus occur-

In addition to population sizes and AOOs, other Red List criteria

rence points, much of the remaining forest in the northeast region is

include estimates of population decline due to habitat loss, hunting,

potentially suitable habitat. In contrast, the IUCN range maps for the

and other pressures. These decline criteria require quantitative

two species encompass only a small portion of this available habitat.

assessments of observed or projected population declines, and may

Further, the Masoala peninsula is predicted to contain suitable habi-

be used to list species at higher risk levels than when only consider-

tat and if the species at Masoala is M. mittermeieri, then the AOO

ing current population size or range estimates. Our population size

and total population size would be larger than currently recognized.

estimates provide the data needed to take the next steps of mod-

In total, over 2 million individuals were estimated for the SDM range

elling the effects of habitat loss (Ramiadantsoa, Ovaskainen, Rybicki,

of Microcebus in the northern study region. Within the IUCN range

& Hanski, 2015), hunting (Borgerson, 2015), and climate change

maps, however, the abundance of M. macarthuri and M. mittermeieri

(Dunham, Erhart, Overdorff, & Wright, 2008) on projected future

is relatively smaller (93,000 and 123,000, respectively). The present

declines. Further research is needed to revise Red List statuses

IUCN estimates of distribution are likely underestimates in these

because our density estimates and predictor variables do not directly

species, and the results of this study can guide further research to

capture harvesting for bushmeat and the pet trade. For example,

define their ranges. The results of this study have clear implications

under Criterion A, I. indri and H. occidentalis would be Critically

for understanding the extinction risk of species, and point to five

Endangered because they are heavily hunted and at high risk of local

species that are especially threatened.

extirpation based on population demographic models with observed

For five species in this study, our population size estimates

hunting pressures (Brook et al., 2018). Similarly, V. rubra has a small

update prior estimates by using recent forest cover data and habitat

geographic range restricted to the undisturbed rainforests in Masoala

variables. Based on the relationship between L. catta density mea-

peninsula, and the heavy hunting and logging pressure warrants its

sured locally and canopy cover measured remotely in 1985 and

Critically Endangered status (Andriaholinirina et al., 2014; Borgerson,

2000, the total abundance was estimated to be c. 933,000 and

2015, 2016). Hunting appears to be much higher in the northeast

751,000, respectively, with the lower estimate in 2000 due to habi-

(Makira/Masoala, Borgerson, 2015; Borgerson et al., 2016; Golden,

tat loss (Sussman et al., 2006). Our updated estimates of 173,000–

2009; Golden, Bonds, Brashares, Rodolph Rasolofoniaina, & Kremen,

530,000 individuals account for changes in forest cover since 2000,

2014) than in other regions in the east (J.P. Herrera and C. Borger-

as well as unsuitable habitat due to human impact and the distance

son, pers. obs., Borgerson et al., 2018), but direct measures of hunt-

from permanent water. Our models also predicted high densities of

ing in the southeast are still needed in many areas. Further, while L.

L. catta in the southeast, especially the Anosy mountain chain, and

catta was estimated to have a large distribution and population size,

these predictions should be verified with ground‐truthing to deter-

there is heavy hunting pressure that may have caused local extirpa-

mine if large populations exist in these remote areas. Similar compar-

tions of some populations (Gould & Sauther, 2016; LaFleur et al.,

isons can be drawn for the other lemurs of the southeast (Table 4).

2016). To refine the estimates of lemur threat, hunting pressure

Population sizes of lemurs in the southeast were estimated in the

must be quantified in future studies. These issues affect hundreds of

year 2000 based on mean lemur densities from field surveys and the

taxa worldwide (Benítez‐López et al., 2017) and addressing them in
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SDMs and species management is key to future conservation efforts
(Blair, Le, & Sterling, 2017).
This study provides a quantitative approach to estimating population sizes, but there are several caveats. For example, sample sizes
were an issue for several species, in which SDMs had so few test
points that prediction cross‐validations were not accurate. Results for
the tree genus Tamarindus, the lemur genus Avahi, and E. rufifrons
should be interpreted as representing the distribution of environments
in which the species was present, but not generalizations to the total
ecological niche (Pearson et al., 2007). Further, there were relatively
few local density estimates for some species, especially I. indri, both
because of the limited scope of ground surveys and the rarity of the
species. This may lead to imprecise estimates because variance was
high among survey transects, and relationships between lemur density
and environmental predictors were therefore weak in some cases.
Another issue that requires further investigation is choosing thresholds for suitable habitats. Using a threshold of 75% forest cover may
be overestimating the potential habitat for species that are more
restricted to pristine habitats (e.g. Varecia, Balko & Underwood, 2005;
Vasey, 2000) or underestimate habitat for those that have high densities in secondary forest (e.g. Microcebus; Herrera, Wright, Lauterbur,
Ratovonjanahary, & Taylor, 2011; Lehman, Rajaonson, & Day, 2006).
The tree data in this study were pooled at the genus level, but future
studies should investigate if there are differences among tree species
in their correlation with lemur occurrence and abundance. Lastly,
hunting pressure must be quantified as well because areas of environmentally suitable habitat may be void of lemurs due to local extirpations from hunting. We approached this problem by excluding habitat
that was predicted to be suitable from our models when we had
known absence information. This cannot account for remote areas
where hunting and density were not measured, though, and further
research on hunting pressure more broadly is necessary.
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